Abstract & Key message Moss surveys provide spatially dense data on environmental concentrations of heavy metals and nitrogen which, together with other biomonitoring and modelling data, can be used for indicating deposition to terrestrial ecosystems and related effects across time and areas of different spatial extension.
& Context For enhancing the spatial resolution of measuring and mapping atmospheric deposition by technical devices and by modelling, moss is used complementarily as bio-monitor. & Aims This paper investigated whether nitrogen and heavy metal concentrations derived by biomonitoring of atmospheric deposition are statistically meaningful in terms of compliance with minimum sample size across several spatial levels (objective 1), whether this is also true in terms of geostatistical criteria such as spatial auto-correlation and, by this, estimated values for unsampled locations (objective 2) and whether moss indicates atmospheric deposition in a similar way as modelled deposition, tree foliage and natural surface soil at the European and country level, and whether they indicate site-specific variance due to canopy drip (objective 3). & Methods Data from modelling and biomonitoring atmospheric deposition were statistically analysed by means of minimum sample size calculation, by geostatistics as well as by bivariate correlation analyses and by multivariate correla-
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Electronic supplementary material The online version of this article (doi:10.1007/s13595-017-0621-6) contains supplementary material, which is available to authorized users. tion analyses using the Classification and Regression Tree approach and the Random Forests method. & Results It was found that the compliance of measurements with the minimum sample size varies by spatial scale and element measured. For unsampled locations, estimation could be derived. Statistically significant correlations between concentrations of heavy metals and nitrogen in moss and modelled atmospheric deposition, and concentrations in leaves, needles and soil were found. Significant influence of canopy drip on nitrogen concentration in moss was proven. & Conclusion Moss surveys should complement modelled atmospheric deposition data as well as other biomonitoring approaches and offer a great potential for various terrestrial monitoring programmes dealing with exposure and effects.
Introduction
Forests filter substances such as heavy metals (HM) and nitrogen (N) from the atmosphere and are thus exposed particularly to atmospheric deposition influencing their condition (Bjerregaard et al. 2015; Michel et al. 2014; Michel and Seidling 2015; Tchounwou et al. 2012 Tchounwou et al. , 2014 . HM like lead (Pb) and mercury (Hg) are persistent, toxic and/or bioaccumulative and can positively correlate with trophic levels of organisms (biomagnification) (Bjerregaard et al. 2015; Murray 2005) . Deposition affects forest ecosystems through exceeding effect-based critical levels of single species and through exceeding critical loads of whole ecosystems (ARGE StickstoffBW 2014; de Vries and Groenenberg 2009; Giordani et al. 2014; Lorenz et al. 2008) . Protecting the integrity of forest ecosystems and their specific functional importance to the atmosphere, hydrosphere and biodiversity requires deposition monitoring data at a high spatial resolution for the International Cooperative Programme on Modelling and Mapping of Critical Levels and Loads and Air Pollution Effects, Risks and Trends (ICP Modelling and Mapping).
The European Monitoring and Evaluation Programme (EMEP) indicated a twofold decrease of cadmium (Cd) atmospheric concentrations and deposition between 1990 and 2003, with 10-80% of deposition in Europe derived from European emissions (Nordberg et al. 2014; Steinnes 1989 UNEP 2010 b) . Also, other metals such as arsenic (As), chromium (Cr), copper (Cu), nickel (Ni), zinc (Zn), and antimony (Sb) have the potential for long-range atmospheric transport and accumulate in environments far from emission sources (Bjerregaard et al. 2015 ; UNECE TF HM, Task Force on Heavy Metals 2006).
From 1880 to 2005, total N emission has increased by 540% . N deposition data collected during the year 2011 at 219 Level II plots of the International Cooperative Programme on Assessment and Monitoring of Air Pollution Effects on Forests (ICP Forests Level II) in 24 countries across Europe indicated high deposition levels in Central Europe, Denmark and Switzerland ( Berg and Dise 2004; Seidling et al. 2014) .
As a consequence of potential effects of atmospheric deposition of air pollutants such as HM and N in forest ecosystems, a Pan-European Programme for Intensive and Continuous Monitoring of Forest Ecosystems (ICP Forests Level II) started in 1994. Currently, it comprises approximately 760 permanent plots in 30 participating countries, including 500 plots with atmospheric deposition and forest ecosystem impact monitoring . Comparability and meaningful interpretation of data derived from long-term monitoring across time require representative measurements based on harmonized methods and a statistically sound design (Clarke et al. 2010; Cools and de Vos 2011; Ferretti 2010 Ferretti , 2011 Ferretti et al. 2014 . Within this context, the spatial representativity and comparability of atmospheric deposition measurements are crucial issues -for exposure and effect assessments Erisman et al. 2003; Lorenz and Granke 2009; Žlindra et al. 2011) . Clarke et al. (2010) found large differences in results of different types of technical samplers and that several factors might influence the measurements, among them the number and surface area of samplers used as well as their placing in the stands and the extent of the area equipped with collectors. The differences in the results obtained impede using the deposition data for model evaluation. Variation due to the samplers exceeded those from chemical analyses conducted in different laboratories. Even if the moss technique is widely accepted as a biological monitor for the accumulation of atmospheric deposition and, as such, surrogate tool for mapping deposition Harmens et al. 2015a Harmens et al. , 2015b Harmens et al. , 2015c Seidling et al. 2014; Stankovic et al. 2014 ), but approved only in parts by Fernández et al. (2015a Fernández et al. ( , 2015b , compilations of relevant forest monitoring programmes Fischer et al. 2011; Lorenz and Granke 2009) do not include the results from the European Moss Survey (EMS). This gives reason to have a closer look at the data from the EMS and to investigate whether they could be useful for other environmental programmes such as ICP Forests. Therefore, this paper aims at introducing the methodology and exemplary results of moss surveys and at sketching the potential of the data for application in terrestrial monitoring. Since terrestrial monitoring relies on spatial point data, the spatial representativity in terms of minimum sample size (MSS) and spatial autocorrelation are of fundamental significance Ferretti 2010 Ferretti , 2011 Ferretti and Fischer 2013; Rüdel et al. 2009; Sachs and Hedderich 2009) . To this end, data from moss surveys were investigated whether they are statistically meaningful in terms of compliance with minimum sample size computed for both, Ecological Land Classes of Europe, describing the spatial patterns of 40 to 230 natural landscapes by characteristic values of 48 ecological attributes (Hornsmann et al. 2008; , and for sampling sites in north-western Germany (1), and in terms of geostatistical criteria such as spatial auto-correlation which could enable estimating values for unsampled locations and computing surface maps (2). Additionally, the study investigated whether moss specimens indicate atmospheric deposition in a similar way as modelled deposition, tree foliage and natural surface soil at the European and country level, and whether they indicate site-specific variance due to canopy drip (3). Since the results of modelling of deposition may depend on the structure and functions of the models as well as on the input data in terms of meteorology and emissions (Dore et al. 2015; Ilyin and Travnikov 2005) , we used results from the EMEP and LOTOS-EUROS deposition model. These three objectives were examined with the data and methods compiled in Table 1 and explained in Section 2 sub-divided into "Data" (Section 2.1), "Minimum sample size" (Section 2.2), "Geostatistics and mapping" (Section 2.3) and "Correlation analyses" (Section 2.4).
In a first step, EMS measurements were investigated by calculating and mapping the minimum sample size (MSS) for ecologically defined land classes across Europe. The spatial validity of the data was examined additionally by means of geostatistics. Then, to specify the indicative significance of the biomonitors moss (EMS), leaves, needles (German Environmental Specimen Bank-ESB, ICP Forests Level II) and surface soil specimens (ICP Forests Level II) for atmospheric deposition modelled by EMEP and LE, correlation analyses were conducted.
Material and methods

Data
To establish interrelationships between indicanda (here: atmospheric deposition) and indicators (here: moss, tree foliage, soil) (Gao et al. 2015) , i.e. to determine the indicative validity of moss Table 1 Objectives, data and methods (specified in Table S1 )
Objectives
For more detailed descriptions, see Table 2 Methods
Determination of minimum sample size (MSS) Element concentrations in moss: EMS 2010 (Harmens et al. 2015b) MSS approach and other biomonitors (Lindenmayer and Likens 2011; Lindenmayer et al. 2015) , correlation analyses were performed. To this end, data on HM concentrations in leaves, needles and soil collected for the ESB in 4 ecosystem types at 13 sites across Germany and from 90 German ICP Forests Level II plots as well as Europe-and Germany-wide modelled atmospheric deposition data were used (Tables 1 and 2 ). Data on foliar chemistry sampled at roughly 1900 sites of the nationwide soil monitoring (Hilbrig et al. 2014) could not be made available. From ESB, HM concentrations in leaves and needles collected during 2005 and 2007-2011 in representative terrestrial ecosystems (agricultural, urban-industrial, forestry and nearly natural) were acquired. These data comprise annual leaves collected from beech (Fagus sylvatica L.) and poplar (Populus nigra 'Italica' L.) and 1-year old shoots from spruce (Picea abies L.) and pine (Pinus sylvestris L.). All samples were analysed annually for As, Cd, cobalt (Co), Cr, Cu, Hg, molybdenum (Mo), Ni, Pb, titanium (Ti) and Zn concentrations according to standardized guidelines for sampling and sample treatment (UBA 2008) . Concentrations of Cd, Cu, Mn, Pb and Zn in needles and leaves collected between 2000 and 2012 on ICP Forests Level II sites were added (Rautio et al. 2010) .
Furthermore, data on atmospheric deposition modelled within the framework of EMEP (Tørseth et al. 2012 ) and calculated with LOTOS-EUROS (Builtjes et al. 2014) were integrated. The EMEP model provides data on Europe-wide data on total atmospheric deposition of Pb, Cd and Hg (μg m
) on a grid of 50 km by 50 km calculated by use of emission and meteorological data. In this study, data for the total atmospheric deposition of Cd and Pb (2005 -2011 and land usespecific data on atmospheric deposition of Cd and Pb (2011) .
HM and N concentrations in moss specimens were derived from the EMS which since 1990 has been providing data on concentrations of up to 40 metallic elements in moss, concentrations of nitrogen since 2005 and persistent organic pollutants since 2010 every 5 years. In Germany, during 1990-2005, moss was sampled at roughly 700-1000 sites. All over Europe, up to 7300 sites were sampled (Harmens et al. 2015a) . The EMS provides data on HM and N concentrations in naturally growing moss following a harmonized methodology (ICP Vegetation 2014; Špirić et al. 2014 ; Vučković et al. were added. The canopy drip effect on concentrations of Cd, Cr, Cu, Hg, N, Ni, Pb and Zn in moss was determined in specimens sampled in north-western Germany. Thereby, samplings were conducted beyond forest tree canopies (open site, n = 26 in 2012 and 2013), below forest tree canopies (throughfall site, n = 30 in 2012 and 2013) and at the border between these two site categories (edge site, n = 24 in 2012, n = 23 in 2013) (Meyer 2017; Meyer et al. 2015a) . Measured concentrations (μg g ) in moss sampled across Germany in 2005 in a spatial resolution of 3 km by 3 km were derived from Pesch et al. (2007) and .
Minimum sample size
To calculate the minimum sample size (MSS) needed to estimate statistical mean values within a tolerance of 20%, several formulas exist. Basically, their application depends on certain characteristics of the data used, as for instance the statistical distribution. Accordingly, for data following a normal distribution and for data with a lognormal distribution, several computations were performed to calculate the MSS for concentrations of Al, As, Cd, Cr, Cu, Fe, Hg, N, Ni, Pb, S, Sb, V and Zn in moss sampled across Europe in 2010 . Thereby, the following spatial levels were regarded: the ecological land classes covering Europe and the sample sites in north-western Germany dedicated to the investigation of canopy drip effects. The minimum sample size calculations were based on data collected in the framework of EMS 2010 and of the regional study in 2012 and 2013. The first exercise was accomplished by overlaying the EMS sample network map with the map of the Ecological Land Classification of Europe (ELCE) (Hornsmann et al. 2008; . Following Land (1971) and Olsson (2005) for each of the ELCE 40 classes, i.e. the lowest level of specification, the MSS were calculated according to formulas detailed by Schröder et al. (2014 Schröder et al. ( , 2016 and mapped.
Geostatistics and mapping
Terrestrial monitoring approaches do not reach a complete coverage but rely on spatial samples. The aim of spatial modelling is constructing models to predict spatial patterns from measurements, i.e. to fill up the space between the measurement sites by spatial estimation. Whether this is possible or not can be examined applying variogram analysis. By this, the relation between measurement variance and spatial distance between sites of sampling and observation, respectively, i.e. the spatial auto-correlation can be modelled by use of kriging techniques. The respective function derived from the sample data can then be used to interpolate between the sites with measurements. For the correlation analyses, not only the moss measurement values (2005) were used but also surface estimation for the year 2005 derived by kriging . For regionalizations at the European level, data from EMS 2010 on Cd, Hg, Pb and N concentrations from 2411 (N) up to 4006 (Cd) moss samplings were taken. Geostatistical analyses have been carried out by means of ESRI's ArcGIS 10.2. Trend analyses were performed in order to identify element-specific spatial trends in the datasets. In cases where spatial trends were detected, universal kriging was used with trend removal, while, vice versa, ordinary kriging was performed where the assumption of a constant global mean was reasonable.
Meaningful parameters for determining the spatial autocorrelation and evaluating the semi-variogram are the socalled nugget, sill and major range. A low nugget-sill ratio indicates a positive auto-correlation within the major range which enables the calculation of comprehensive maps of element concentration in moss by use of kriging interpolation. Accuracy of variogram models were quantified as mean error (ME). Cross validation was performed for evaluating the kriging maps by use of the median percental error (MPE) as the difference between measured and estimated values in percent.
Correlation analyses
Spearman rank correlation (r S ) between deposition and moss data and Kendall rank correlation (r τ ) between deposition data and tree foliage and soil specimen were calculated. These measures are useful for small sample sizes (r τ ) and variables with different spacings. They are robust in the presence of outliers and require neither normal distribution nor linearity of relations, i.e. it is applicable also for logarithmic or exponential relations (Hennemuth et al. 2013) . r S and r τ are between −1 and +1. r τ values usually are somewhat lower than r S and Pearson's correlation measures. The significance of differences between medians of HM deposition values was examined by application of the Wilcoxon signed-rank test, and the significance of differences between correlation coefficients was calculated according to Sachs and Hedderich (2009) as detailed by Nickel and Schröder (2016) . The correlation analyses encompassed (Tables 1 and  2) and spatially estimated for unsampled locations; (c) EMEP and LE modelled HM deposition values and respective HM concentrations in tree foliage (ESB and ICP Forests) and surface soil specimens (ICP Forests); (d) concentrations of Cd, Cr, Cu, Hg, N, Ni, Pb and Zn in moss collected inside and outside of forests in north-western Germany. For the latter investigation, computations of bivariate correlation between concentrations of HM and N in moss and site factors were complemented by multivariate analyses conducted by the Classification and Regression Tree (CART) method and the Random Forest approach (rF) (Meyer 2017; Meyer et al. 2015a) . Potentially influencing factors regarded were the following: site category (open, edge, throughfall); modelled atmospheric deposition (Cd, Hg, N, Pb) ; distance between sampling sites and roads, residential areas, distance to sea, E-PRTR 1 sources; land use (agricultural, silvicultural, urban) in different radiuses around sampling sites; buildings for livestock; industry; altitude above sea level; annual average precipitation; and population density.
rF models are used to construct a prediction rule and to assess and rank variables with respect to their ability to predict the response variable. If the rF minimizes a squared error, normal distribution is not an essential requirement. But extremely asymmetric error distributions reduce the quality of predictions and make e.g. the difference between mean and median prediction important. The ranking is done by considering variable importance measures computed for each predictor. These relative measures as pure numbers without unit identify and rank predictors. After validation, the resulting prediction rule can then be applied, e.g. for mapping element concentrations in environmental compartments such as soil or moss. rF can cope with high dimensional data and can even be applied to highly correlated predictors, is not based on a particular stochastic model and can also capture nonlinear association patterns between predictors and the response. rF is a classification and regression technique aggregating a large number of decision trees. Several trees constructed from a training data set yield a prediction of the response. Variants of rF are characterized by the procedure used to generate the modified data sets on which each individual tree is constructed, and by the way the predictions of each individual tree are aggregated to produce a unique consensus prediction. In the original rF method (Breiman 2001) , each tree is a standard classification or regression tree (CART) (Breiman et al. 1984) using the decrease of Gini impurity, i.e. the degree of heterogeneity of a variable measured by the Gini index as a splitting criterion and selecting the splitting predictor from a randomly selected subset of predictors. Each tree is constructed using a bootstrap sample from the original data set, and the predictions of all trees are finally aggregated. This version of rF is implemented in most of the available software. Internal validation is calculated in terms of the out-of-bag (OOB) error: Each observation is an OOB observation for some of the trees, i.e. it was not used to construct them. The OOB error is the average error frequency obtained when the observations from the data set are predicted using the trees for which they are OOB. Thus, rF are ensembles of multiple decision trees combined into a single model. Compared with single-decision trees, like CART, rF tends to be more robust to outliers and overfitting (Williams 2011; Ziegler and König 2014) . Verikas et al. (2011) surveyed respective literature and presented comparatively several tests. CART models are prone to overfitting data, which can lead to predictive errors. rF models reduce the over-fitting problem. Instead of building a single predictive tree model from all available data, RF builds typically 500 to 2000 trees (Prasad et al. 2006) , using randomized subsets of data and explanatory variables to build each tree. The number of predictors used to find the best split at each node is a randomly chosen subset of the total number of predictors. The rF trees are grown to maximum size without pruning, and aggregation is performed by averaging the trees. Out-of-bag samples can be used to calculate an unbiased error rate and variable importance. Because a large number of trees are grown, there is limited generalization error (i.e. the true error of the population opposed to the training error only). The impossibility of overfitting is a very useful feature for prediction. By growing each tree to maximum size without pruning and selecting only the best split among a random subset at each node, rF tries to maintain some prediction strength while inducing diversity among trees (Breiman 2001) . Random predictor selection diminishes correlation among unpruned trees and keeps the bias low. By taking an ensemble of unpruned trees, variance is also reduced. Another advantage of rF is that the predicted output depends only on one user-selected parameter, with the number of predictors to be chosen randomly at each node. This process of internal cross-validation prevents from over-fitting inherent to a single CART model (Breiman 2001) .
Results
Minimum sample size
Selected results from MSS calculation and mapping are given in Figs. 1, 2, 3, 4 and S2-S11). Respective results for EMS 2005 were already presented by example of N .
At the European scale, the realized sample size (RSS) reaches the required minimum sample size (MSS) in all cases of the 14 considered elements. However, on a national scale, only two (N, S) of the 14 considered elements comply with the required sample size in 100% of the countries in which the respective elements were collected. For all other elements, the MSS is reached in 58% to 90% of the participating countries. On the other hand, 6 out of the 25 participating countries, so nearly 24%, reach the MSS for all elements that were collected by the respective country. When considering the ELCE 40 units ( Figure S1 and Table S1 ), which in contrast to the administrative areas of the national states are not contiguous areas, some differences compared to the national level were found. Moss sample sites are located in 32 of the 40 ELCE units. However, none of the 14 examined elements reach the MSS in all ELCE units where moss specimens were sampled. The lowest percentage was calculated for Al reaching the MSS in only 34% of the ELCE units containing sample sites with Al measurements. Taking a look at the particular ELCE units, at least four of the 32 ecoregions containing sampling sites comply with the MSS for all elements measured within the respective ecoregion. On the other hand, in comparison to the national level, three ecoregions with very low percentage of sufficient MSS per element were found. In one ELCE40 unit all measured elements did not reach the MSS. Concerning the level of compliance of the particular ELCE units for Cd, Hg, Pb and N, three-digit absolute values for MSS were reached within many ecoregions , which corresponds with the results on the national scale.
Considering the lowest spatial scale -the ELCE 40 units within each participating country -it turned out that none of the elements reaches the MSS in 100% of the ELCE 40 units of the single participating countries . A maximum was calculated for N and S for which at least 76% and 80% of the landscapes within the single countries respectively reach the MSS. However, more than half of the 14 analysed elements do not reach even 50%. Regarding the ELCE units within the single countries particularly, in 8% of the cases MSS was reached for all elements sampled within the respective unit of a certain country. In 13% of the cases the MSS was not reached for all sampled elements. Furthermore, the analysis revealed that indeed some landscapes comply with the MSS regarding the European level. However, when examining the same landscape within a single participating country, this fact is not true anymore in some cases. Other ecological regions which should have been sampled more often for reliable analysis of Cd are predominantly located in Albania, Bulgaria, Norway and South West France (Fig. 1) . Concerning Pb concentrations in moss ELCE 40 units without having attained the minimum number of sample sites amounts to 42%. Core areas of these underrepresented land classes could be found in Albania, Austria, Bulgaria, France, Macedonia, Norway, Slovakia, Slovenia and Switzerland (Fig. 2) . For Hg, the moss samplings in 17% of the ELCE 40 units did not allow reliably to determine a mean in the range of 20% around the true mean. These landscape classes cover in particular parts of Albania, Bulgaria, Croatia, Macedonia and South France (Fig. 3) . With regard to N concentration in moss, almost the full spectrum of ELCE 40 units (24 out of 27) were sampled sufficiently. Concerning the minimum number of sample sites, we could determine three land classes, which did not feature enough information for reliable statistics. Areas covered by these units were not widely distributed in Austria, Finland and Switzerland (Fig. 4) . Additional maps for HM are given in the supplement (Figs. S2-S11).
When sampling inside and outside of forests to detect the canopy effects on concentrations of N, Cd, Cu, Cr, Hg, Ni, Pb and Zn 2012 and 2013 in north-western Germany, in most cases, the minimum sample size could be reached or even exceeded. In case of Cr, the minimum sample size in open fields could not be met: In 2012 (2013), 26 (24) sites were sampled; however, 154 (42) should have been sampled. For Pb, 30 measurements within forest stands could be realized in 2012 instead of 64 (Meyer 2017; Meyer et al. 2015b ).
Geostatistics and mapping
The results of geostatistics in terms of variogram analyses and kriging estimation were computed from the EMS 2010 across Europe and can be summarized as follows. As a result of variogram analyses, major ranges for the investigated 4 elements vary between 209 km (Hg) and 330 km (Cd) ( Table 2) . Nugget-sill ratios came out to be between 0.54 (Hg) and 0.68 (Cd). Respective For Cd, the mean of geostatistically estimated concentration in moss is 0.18 mg kg ). Areas with Cd concentrations nearby or below this Europe-wide mean are located in Scandinavia, Northern Spain, France, Switzerland, Austria, Czech Republic and parts of Southeast Europe (Fig. 5) . The highest Cd concentrations (above 0.8 mg kg (Fig. 6) . Based on the geostatistical surface estimations, the highest Pb concentrations (>15 mg kg . Below-average Hg concentrations have been determined for parts of Scandinavia, Estonia, Northern Spain, France, Switzerland, Austria, Czech Republic, Slovenia, Croatia and Kosovo (Fig. 7) . Core areas with high Hg concentrations above 0.10 mg kg −1 were detected in Southern
Europe and in parts of Norway, Poland and France. For N, mean of geostatistically estimated concentrations in moss (= 1.28 mass %) and observed concentrations (= 1.27 mass %) were similar. Main countries with low accumulation of N in moss (below the mean) are Finland and Estonia (Fig. 8) . The generally highest N concentrations in moss with predominantly > 2 mass % were calculated for France, Poland, Czech Republic, Slovakia, the north-east of Croatia and North Bulgaria.
Correlation analyses
In this article, the presentation of results from correlation analyses is mainly focused on Cd and Pb. The investigation whether element concentrations in moss indicate canopy drip effects additionally includes Hg and N. ) is by 28% lower than the median value calculated for Germany using the EMEP model (2007) (2008) (2009) (2010) (2011) 35 Comparing the spatial distributions of total atmospheric Cd deposition modelled by EMEP and LE indicates that the differences between the results are strongly correlated with the amount of EMEP values (r S > 0.9). In the south of Bavaria, LE deposition values exceed those modelled by EMEP (Cd, 45% higher). The most distinct differences between EMEP and LE results were calculated for coniferous forests, followed by those for deciduous forests and grassland. This is reflected by the spatial patterns detailed by Nickel and Schröder (2016) . The coefficients quantifying the correlation between EMEP and LE values are for coniferous forests r S = 0.7, for deciduous forests r S = 0.44 and for grassland r S = 0.22. Thus, the spatial Cd deposition patterns mapped from the EMEP and LE data are most similar for coniferous forests. The median value of Cd deposition modelled for forests exceeds that for grassland by factor 3.2 (EMEP) and 1.4 (LE), respectively. The latter value corresponds to measurements of Cd concentrations in moss sampled beneath canopies and beyond forests conducted during 2012 and 2013 (Meyer et al. 2015c ).
EMEP and LE results for Pb deposition are correlated with r S = 0.56 (2007) (2008) (2009) (2010) (2011) and r S = 0.35 (2005) . The differences between EMEP and LE results are at maximum where EMEP values are particularly high. The LE values exceed the EMEP calculations in the south of Bavaria (Pb, 12% higher). As proven for Cd, the modelled (EMEP and LE) Pb deposition for coniferous forests is higher than that for deciduous forests and grassland. This fact is supported by the spatial patterns . The differences between EMEP and LE are much more pronounced for Pb than for Cd. Regions with higher EMEP deposition values for grassland are located in north-western Germany. LE values exceeding EMEP values for grassland were identified in southern Germany. For forests, EMEP calculated values are much higher than those derived by LE, especially in northern Germany. Correlations between EMEP and LE amount for coniferous forests by r S = 0.54, for deciduous forests by r S = 0.37 and grassland by r S = 0.26. Thus, the spatial patterns mapped from the EMEP and LE data are most similar for coniferous forests. The median Pb deposition for forests as calculated by LE exceeds the LE grassland deposition value by factor 1.4, which is clearly lower than that derived from EMEP modelling (2.9). According to Meyer et al. (2015c) , Pb concentrations in moss sampled in 2012-2013 beneath canopies exceeded those sampled beyond canopies by factor 1.9.
Correlation between EMEP and LE modelled HM deposition values and respective HM concentrations measured in moss in 2005 and spatially estimated for unsampled locations
The correlation between the moss concentration and modelled Cd deposition was r S = 0.31 (LE) and r S = 0.27 (EMEP) (p < 0.01) for Germany and 0.66 (LE) and r S = 0.59 (EMEP) (p < 0.01) for Europe. The difference between both coefficients is significant. Land cover-specific deposition and moss concentrations are correlated with r S = 0.60 (grassland/ LE, p < 0.01), r S = 0.35 (coniferous forests/LE, p < 0.01), r S = 0.44 (coniferous forests/EMEP, p < 0.01) and r S = 0.34 (grassland/EMEP, p < 0.01). Thus, when specifying land cover in Germany, the correlation between Cd concentration (2010) measured in moss and deposition is more pronounced. When distinguishing between regions above and below the median, Cd deposition and concentration in moss reveal higher correlations compared to the whole territory of Germany. The correlation between Pb concentrations in moss and deposition values in Germany was r S = 0.35 (LE) and r S = 0.27 (EMEP). For Europe, the concentration of Pb in moss is strongly correlated with modelled deposition (EMEP r S = 0.65, LE r S = 0.56, p < 0.01). Regarding different land cover, the correlation coefficients range between r S = 0.44 (LE, p < 0.01) and r S = 0.41 (EMEP, p < 0.01) for coniferous forests and r S = 0.12 (LE, p < 0.05) and r S = 0.42 (EMEP, p < 0.05) for deciduous forests. Thus, considering land cover data partly enables detecting enhanced correlations.
The statistical relations between geostatistical surface estimations of Cd and Pb concentrations in moss specimens sampled across Germany and Europe and corresponding deposition values (EMEP, LE) are shown in Fig. 9 . Thereby, regions with values below and above respective medians are regarded.
The correlations between LE deposition of Cd and moss estimations amount to r S = 0.37 (Germany, p < 0.01) and r S = 0.81 (Europe, p < 0.01). The relations between EMEP deposition values and moss concentrations are r S = 0.70 (Europe, p < 0.01) and r S = 0.43 (Germany, p < 0.01). Below the median, the correlation between moss data and LE values is more distinct while above the median the opposite holds true. The differences between all coefficients compared are statistically significant.
The relations between estimated Pb concentrations in moss and modelled deposition were computed with r S = 0.49 (LE) and r S = 0.44 (EMEP) for Germany with r S = 0.42 (LE) and r S = 0.57 (EMEP) and Europe. For both Cd and Pb could be found that the correlation between deposition and moss concentration considerably decreases in cases where the ratio between EMEP/LE deposition data exceeded 6-8. This suggests that the uncertainty of deposition modelling is reflected not only by the ratio between both models but also by differences of spatial patterns of deposition and moss values.
3.6 Correlation between EMEP and LE modelled HM deposition values and respective HM concentrations in tree foliage and surface soil specimens Correlations were interpreted for tree foliar specimens (ESB) with more than 10 samplings. The number of samplings between 2005 and 2011 amounted to 28 (beech), 17 (poplar), 34 (spruce) and 6 (pine). Metal-specific correlations were determined and compiled in Fig. 10 .
For Cd, measured Cd concentration in leaves and LE modelled deposition reveal significant positive correlations (p < 0.05). For LE, Kendall's correlation coefficients amount to r τ = 0.29 (beech) and r τ = 0.36 (poplar). By contrast, correlations based on EMEP data are non-significant and somewhat lower than LE (r τ = 0.23 for beech and r τ = 0.26 for poplar). Correlations between Cd concentration in 1-year-old shoots from spruce and modelled deposition were ecosystem type-specific. For LE, significant strong and moderate correlations (p < 0.05) were found for 1-year-old shoots from spruce in forest ecosystems (r τ = 0.64) and near natural terrestrial ecosystems (r τ = 0.49). Again, EMEP data showed non-significant and lower correlations compared to LE (r τ = 0.40 in forestry ecosystems and r τ = 0.36 in near natural terrestrial ecosystems). For spruce in urban-industrial ecosystems, we found non-significant correlations of r τ = 0.33 (LE) and r τ = 0.29 (EMEP). Agricultural ecosystems for both LE and EMEP revealed negative and pine non-significant correlations due to small sample sizes. For Pb, significant moderate and very strong relationships between measured Pb concentration in leaves and deposition (LE) were found (p < 0.01). Coefficients amount to r τ = 0.44 (beech) and r τ = 0.63 (poplar). The association between Pb concentrations in atmospheric deposition (LE) and in 1-yearold shoots from spruce also revealed a moderate coefficient (r τ = 0.47, p < 0.01). Again, the correlation between EMEP deposition values and Pb concentration in beech foliage is relatively low compared to LE, but appeared to be significant (r τ = 0.43, p < 0.01). Same holds true for poplar (r τ = 0.44, p < 0.05) and 1-year-old shoots from spruce (r τ = 0.27, p < 0.05). Again, pine was not significantly correlated due to small sample size. Most of the correlations between deposition modelled by LE and moss values are higher than those between EMEP calculations and moss concentrations. However, these differences are not statistically significant.
Coefficients of correlation between concentrations in leaves (ICP Forests Level II) and needles and atmospheric deposition show element-and specimen-specific and, regarding needles, age class-specific variation (Fig. 11) .
The highest coefficients could be determined for the correlation between Cd concentrations in needles of P. sylvestris and deposition (LE, r τ = 0.34, p < 0.01) and between respective concentrations for spruce (r τ = 0.28, p < 0.01) and beech (r τ = 0.21, p < 0.05) on the one hand and EMEP deposition values on the other hand. For Pb, the correlations are specific for specimen and age classes of needles. For spruce, pine and beech the correlations were proven to be weak but significant. The highest correlations were found for 2-year-old spruce needles (LE: r τ = 0.58; EMEP: r τ = 0.44, differences not significant). The respective values for pine are r τ = 0.47-0.58 (LE, 2-year-old needles) and r τ = 0.20 EMEP, 1-year- (LE, EMEP, Germany, 2007 -2011 old needles). For Quercus robur L. and F. sylvatica L., the coefficients amount to r τ = 0.40-0.64 (EMEP). The coefficients of correlation between Cd and Pb concentrations in organic surface layers of soil collected on ICP Forests Level II plots and modelled atmospheric deposition indicate weak layer-specific correlations (Fig. 12 , Nickel and Schröder 2016) . The highest values were computed for correlations between Cd concentration in Oh horizons and deposition with r τ = 0.31 (LE, p < 0.01) and r τ = 0.27 (EMEP, p < 0.01). The difference between these two values is not significant. Regarding Pb concentrations in soils and deposition, the strongest correlations were determined for L horizons (r τ = 0.24-0.38) and Oh horizons (r τ = 0.23-0.32). Thereby, correlations between soil and deposition modelled with LE are higher than between HM concentrations in soil and deposition calculated with EMEP, but this difference is not statistically significant.
Canopy drip effect and other influencing factors
Bivariate correlation analyses show that the N concentration in moss collected in north-western Germany is significantly and strongly correlated with atmospheric N deposition modelled by EMEP (r S 1, p < 0.01) which was significantly and strongly correlated with the site category (r S > 0.995). Significant strong correlations exist between the N concentrations in moss and the distance between sampling sites from the nearest tree crown: r S = −0.86 with p < 0.01 in 2012 and r S = −0.80 with p < 0.01 in 2013. These findings were corroborated by multivariate analyses with CART and rF. The CART model with the deposition as top predictor explained 91% (2012) and 95% (2013) of the variance. The respective model with the site category as the strongest predictor explained 74% and 79% of the variance. The rF model with the deposition as strongest and the site category as second strongest predictor explained 77% (2012) and 78% (2013). Moderate positive correlations (for 2012 and 2013 r S between 0.40 and 0.54 with p < 0.05) were found between the N concentration in moss sampled at open sites and average mean precipitation, roads and percentage of agricultural land use within a radius of 10 km around the sampling sites. Complementarily, significant negative correlations exist for the percentage of urban land use (75 and 100 km radius, r S between −0.45 and −0.59 with p < 0.05 in 2012 and p < 0.01 in 2013) and silvicultural land use (75 and 100 km radius, r S = −0.46, p < 0.05). N concentrations in moss sampled at sites between open land and forests were found to correlate significantly with the percentage of agricultural land use (50 and 75 km radius, r S between 0.54 (p < 0.05) and 0.46 (p < 0.01)), respectively, and complementarily with the percentage of forests (50, 75 and 100 km radius, r S between −0.45 and −0.57, p < 0.05) and urban land use (100 km radius, r S = −0.53 with p < 0.01). N concentrations were correlated with the distance of sampling locations to roads (r S = 0.52 with p < 0.01) and average annual precipitation (r S = 0.43, p < 0.05). At throughfall sites, the N concentrations correlate with the distance of sampling sites to roads (r S between 0.36 and 0.42, p < 0.05), percentage of agricultural land use (10 km, r S = 0.36; 25 km, r S = 0.40; and 50 km, r S = 0.43, p < 0.05), average annual precipitation, (r S = 0.51 and 0.55, p < 0.05 and p < 0.01), urban land use (1 km, r S = −0.39; 5 km, r S = −0.42; p < 0.05; 75 km, r S = −0.52, 100 km, r S = −0.46; p < 0.01), percentage of silvicultural land use (75 and 100 km, r S between −0.38 and −0.52, p < 0.05 and p < 0.01) and distance to the sea (r S = −0.50, p < 0.01).
These findings based on bivariate correlation analyses could be corroborated by multivariate analyses with CART and rF yielding a cross-validated ranking of predictors for N , r P = −0.39, p < 0.05), distance to roads (r P = 0.51, p < 0.01) and agricultural land use (100 km radius, r P = 0.43, p < 0.05). Hg concentrations in moss collected at edge sites were correlated with the distance to roads (r P = 0.43, p < 0.05), percentage of silvicultural land use (1 km radius, r P = 0.48, p < 0.05), distance to agricultural land use (r P = 0.47, p < 0.05) and buildings for livestock (r P = 0.45, p < 0.05). Hg concentrations at throughfall sites were found to be correlated with average annual precipitation (2012, r P = 0.38 with p < 0.05; 2013, r P = 0.64 with p < 0.01), distance to settlements (r P = 0.50, p < 0.01), technical Hg emission sources according to E-PRTR (r P = 0.49, p < 0.01), percentage of forest coverage (5 km, r P = 0.39, p < 0.05; 75 km, r P = −0.40, p < 0.05; 100 km, r P = −0.52, p < 0.01).
High positive values may be due to local or regional enhanced emissions, correlated interception of forest canopies and windward effects. Negative correlations may be due to lower emission, a reduced interception at forest edges and lee side effects (Holy et al. 2009; Schröder et al. 2008; Mohr et al. 2011) .The multivariate analyses confirmed the site category to be the most important predictor for the concentrations of Cd and Hg in moss. The respective CART models explained at maximum 46% (Cd 2012) and 61% (Hg 2013) of the variance exceeding the respective values derived with rF. The latter holds true for Pb concentrations in moss, which are, according to a CART model explaining 40% of the variance, mostly influenced by the percentage of agricultural land (100 km radius) as the most powerful predictor, followed by the site category, (Meyer 2017) .
Discussion
This investigation corroborated and complemented currently published results on statistically significant correlations between concentrations of Cd, Pb and N in biomonitors (moss, leaves, needles and soil) and in atmospheric deposition modelled by EMEP and LOTOS-EUROS, which in the following are discussed with regard to some specific methodological aspects and in a broader context.
The modelled deposition data comprise uncertainties of data collected from emission inventories as well as from monitoring and modelling . The uncertainty of emission data is difficult to quantify since several national emission inventories do not provide respective information. The uncertainty of modelling results includes intrinsic model uncertainties, the overall model uncertainty and the comparison of modelled values with field observations. To assure the quality of monitoring data, measurements are validated through a quality assurance/quality control process involving the individual institutions responsible for the different sites documented by the reports available in the Chemical Coordinating Centre EMEP series (www.emep.int). In addition to applied reference methods and standard operation procedures, EMEP conducts laboratory and field intercomparison of most components defined by the monitoring programme. Field inter-comparisons are an important part of the quality assurance programme in EMEP to document the overall uncertainty in the methods used (Tørseth et al. 2012) . The uncertainty of monitoring data includes the estimation of the uncertainty caused by analytical methods. While laboratory comparisons provide estimations of the accuracy of analytical methods, overall measurement accuracy was estimated by field campaigns. Thus, the results of the study may be confined by some drawbacks resulting from restricted availability of information and resulting uncertainty. For instance, an inter-comparison of the two deposition models (EMEP and LE) should be based on identical emission and meteorological data and the respective result should be referred to an identical spatial and temporal framework (Gusev 2015; Ilyin and Travnikov 2005; Simpson et al. 2014; Ryaboshapko et al. 2007; Schutgens et al. 2016; Zhang et al. 2014) . This paper only contains modelled deposition data, so no clear conclusion can be drawn whether moss data complement technical deposition measurements. However, the modelled data were validated against measured data have shown that moss data also correlate with measured deposition data. Nevertheless, moss surveys yield indirect measures of atmospheric deposition which need to be calibrated against measured deposition data. Variations between element concentrations do not only exist in moss samples collected at the same location but also between technical samplers. Additionally, as is true for technical samplers and deposition modelling, the moss technique reveals element-specific differences (e.g. Pb and Cd vs. Hg and Zn) and is not able to differentiate high N deposition due to saturation of N concentrations in mosses above a certain deposition level (Harmens et al. 2011 . Therefore, element concentrations in moss are timeintegrated surrogates of atmospheric deposition (Harmens et al. 2015a ) and might be used complementarily with direct measurements and modelling results to enhance the spatial resolution of deposition data needed for the ecosystem-specific assessment of the exposure of terrestrial ecosystems and providing an indication of areas at risk from high atmospheric deposition.
Mosses have been sampled within forests and at selected ICP Forests sites, but not all sites where mosses are collected are influenced by canopy drip. Therefore, canopy drip effects were investigated and the results allowed for calculating canopy drip-influenced values in open field values and vice versa (Meyer 2017) . Canopy drip is a site characteristic belonging to the reality of forest ecology. For estimating atmospheric deposition we have to quantify the ratio between deposition values inside and outside of forests. Data to calculate these ratios should be collected in compliance with MSS and geostatistical criteria such as spatial auto-correlation which in general should be implemented in environmental monitoring schemes (Clarke et al. 2010; Cools and de Vos 2011; Ferretti 2010 Ferretti , 2011 Ferretti et al. 2014 .
According to Lindenmayer and Likens (2011) , direct measurements assume that the "right" entities to measure have been selected, that they are well understood in terms of key ecological processes and that they can be measured reliably. Direct measurements abstract from complex phenomena and environmental interrelationships due to practical considerations. Indicator approaches are similar to the direct measurements, but additionally presume surrogacy relationships between an indicator system (organism, population, ecosystem, landscape) and the indicandum for which it is used as a proxy and which could be measured in terms of statistical correlation (Gao et al. 2015; Lindenmayer et al. 2015) . Within these constraints, the degree of contamination of an ecosystem may be assessed by determining element concentrations in air, water, soil or sediments in the system. Additionally, many monitoring programmes use monitoring organisms. The most important advantages in determining metal concentrations in biomonitoring organisms rather than in the abiotic environment are the following (Bjerregaard et al. 2015) : (1) The organisms concentrate chemicals to measurable concentrations. (2) The organisms reflect the average degree of pollution over time. (3) The concentration in the organisms reflects the bioavailable fraction of the polluting metal, or, in other words, the fraction that is available for uptake by organisms. Additionally, comparing the indication of atmospheric deposition by use of moss with technical facilities, moss surveys yield by far a higher spatial resolution and cover a broader element spectrum. Nevertheless, as is true for all terrestrial monitoring, moss surveys cannot reach a complete coverage of ecosystems but rely on spatial discrete sampling (Ferretti and Fischer 2013) . Since environmental assessments, planning and protection need spatially high resolved data, statistics are used to investigate whether the sample point data allow for spatial generalization in terms of calculating mean values for spatial units such as a continent, a country, ecoregions or single sites and calculating surface maps derived from measured values. The computations of the MMS needed indicate that the compliance achieved for Europe and single countries is lower when statistics are conducted at the landscape level ). This suggests that MSS is dependent on the spatial extent and aim of a study. Hence, the MSS calculated for an area of larger extent might be not valid if one would like to determine concentrations in mosses reliably at the landscape or even at the site level, as for example protected habitats or sites. The investigation could also show that the moss technique is able to reliably detect spatial variances of HM and N measurements inside and outside of forests at the site level, confirming findings presented by Gandois et al. (2014) and Skudnik et al. (2014 Skudnik et al. ( , 2015 . From the results shown can be concluded that the requirement for MSS is very much dependent on the aim and spatial resolution of a study and the questions under research.
Geostatistics enabled to map spatial patterns from measurements, i.e. to fill up the space between the measurement sites by spatial estimation. Thus, for the correlation analyses not only the moss measurement values were used but also surface estimations derived from them by kriging. The correlations indicated that the organisms used fairly well indicate atmospheric deposition and, therefore, should be used to enhance the spatial resolution of deposition maps and, subsequently, HM and N critical loads (ARGE StickstoffBW 2014; de Vries and Groenenberg 2009; Giordani et al. 2014; Lorenz et al. 2008; Lorenz and Granke 2009; Reinds and de Vries 2010; Waldner et al. 2015) . The latter are, among others, required for assessing and mapping ecosystem conditions.
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The results of the investigations presented in this article document that the combination of biomonitoring and deposition modelling enables spatially dense information on Hg deposition. This helps specifying the exposure of ecosystems across spatial scales and enabling spatially differentiated exposure assessments of ecosystems. This is needed even if environmental and health impacts of Hg are only indirectly related to ambient atmospheric concentrations of Hg. Toxic effects result from the net conversion of Hg into bioaccumulating Hg species occurring under reducing conditions in wetlands and sediments in watersheds and coastal zones, and in the upper ocean. Thus, impacts of Hg are related not only to emissions and deposition rates, but also to the potential of ecosystems to methylate and to biomagnify Hg which has to be described by use of data on ecosystem characteristics (Driscoll et al. 2013; UNEP 2013 However, the evaluation of Cd emission control policies Cd must not rely only on pollutant registers, but also on exposure data derived from deposition modelling and biomonitoring as for instance moss surveys.
Concentrations of Pb measured in forest humus layers investigated within the ICP on Assessment and Monitoring of Air Pollution Effects on Forests (ICP Forests) may exceed thresholds for effects in soil organisms but do not reach concentrations of toxicological significance in terrestrial wildlife. Concentrations of Pb in freshwater ecosystems influenced by long-range atmospheric transport are relatively low and are not considered a toxicological threat to aquatic organisms. In a significant percentage of European soils, the Pb concentrations exceed the threshold concentration for adverse effects in soil, and therefore the terrestrial ecosystems are considered to be at risk (UNECE TF HM, Task Force on Heavy Metals 2006). To reliably delineate such regions, exposure data derived by deposition modelling and biomonitoring are needed at high spatial resolution.
Of the other metals regarded in this study (As, Cr, Cu, Ni, Zn, Sb) Cu and Zn were found to accumulate in forested catchments of Northern and Central Europe. None of these metals reach concentrations due to long-range atmospheric transport and deposition to cause adverse effects on wildlife or human health (UNECE TF HM, Task Force on Heavy Metals 2006). However, long-term deposition modelling and biomonitoring are required as early warning systems enabling to detect changes of emission regimes. Similar to our investigation, Pajak and Jasik (2011) found a clear correlation between the concentration of HM in moss tissue and in organic soil layers. The HM concentrations in mineral soil showed either a not-significant or very weak correlation with the other components of the forest ecosystem. This suggests that mosses and soil organic layer are better biomonitors of heavy metal pollution than mineral soil (Meyer et al. 2014; Nickel et al. 2014 Nickel et al. , 2015 . N may affect ecosystems through eutrophication, acidification and direct toxicity, each impacting several ecosystem services (Gaudio et al. 2015; Jones et al. 2014) . Based on data collected within the ICP Forests Level II, Ferretti et al. (2014) and Seidling et al. (2014) investigated the relation between forest condition in Europe and potential predictors. For 71 ICP Forests Level II plots, the importance of throughfall N bulk deposition as predictor for the frequency of trees with defoliation > 25% was proved for beech and Norway spruce, while the opposite was observed for Scots pine. Higher foliar N ratios led to higher defoliation > 25% for all species . Waldner et al. (2014) found that the detection of trends of N deposition to ICP Forests Level II forest plots was more distinct when using monthly data instead of annual data. The overall decreasing trend for inorganic N between 1999 and 2010 was about 2%. Time series of about 10 years were required to detect significant trends in inorganic N on a single plot. The strongest decrease was observed in western central Europe with high N deposition whereas stable or slightly increasing deposition during the last 5 years was found east of the Alps and in northern Europe. Waldner et al. (2014) considered further reductions as necessary to reduce N deposition to levels below which significant harmful effects do not occur in forests according to present knowledge. Such critical loads for organic N were exceeded on about 30-50% of 201 ICP Forests Level II forest plots as well as of 43 sites within the Swedish Throughfall Monitoring Network (Waldner et al. 2015) . These findings and the results presented in the article at hand suggest complementing forest ecosystem monitoring and assessments by using spatially high resolved long-term moss survey data, for indicating exposure in terms of HM and N atmospheric deposition and accumulation.
Conclusion
Data from moss surveys could be proved to be statistically meaningful in terms of compliance with minimum sample size across several spatial levels computed for both Ecological Land Classes of Europe and for sampling sites in northwestern Germany (objective 1). This is also true in terms of geostatistical criteria such as spatial auto-correlation and, by this, estimated values for unsampled locations and computing surface maps (objective 2). Additionally, the study corroborated that moss indicate atmospheric deposition in a similar way as modelled deposition, tree foliage and natural surface soil at the European and country level, and that they indicate sitespecific variance due to canopy drip (objective 3). These results evidenced that moss surveys should complement forest deposition monitoring and impact assessments. Future moss monitoring campaigns should include more detailed versions of the Ecological Land Classification and ecosystem typologies based on ecosystem functions , e.g. for determining compliance of minimum sample size at the landscape level. Thereby, potential canopy drip effects should be monitored to capture site-specific variances. Further integrative analyses could be tackled for measurements of atmospheric deposition from ICP Forests, element concentrations in moss (e.g. Al, Cd, Cu, Fe, Ni, Zn and N) and modelled atmospheric deposition (e.g. Cd, Cu, Ni, Pb, Zn and N) . This would help to stronger link the exposure monitoring by use of moss with effect-related monitoring of forest ecosystem condition (Saarikoski et al. 2015) . That approach should be added by physiological investigations on how moss species adjust their cell morphology and metabolism to environmental stress (Basile et al. 2013; Müller et al. 2015; Parrotta et al. 2015) . A spatial re-arrangement of EMS sampling sites should be discussed and an adapted sampling size should be investigated by error maps for pollutants which have toxicological and ecological effects. Approval procedures for build stock breeding emitting N or for HM emitting plants, it is necessary to have information about background levels, which should be collected by biomonitoring methods such as the moss technique. It is also important that European countries like Germany, Italy, Spain, Ireland, Great Britain and the Netherlands participate continuously in the EMS.
